ABSTRACT
INTRODUCTION
Today, people can use various digital devices to produce images at any time and places. Since the text information in image can be embedded in different font styles, sizes, orientations, colours, and against a complex background, the problem of extracting text areas becomes very challenging [1] .
Based on basic characteristic of text, a group of region-based approach for the process of detecting text in images have been proposed. In terms of frequency and orientation information, text has some common distinctive properties. Besides, it also has spatial cohesion. Spatial cohesion refers to the fact that text characters of the same string appear close to each other and are of similar height, orientation and spacing [2] . Two of the main region-based methods commonly used to determine spatial cohesion are based on edge and connected component features of text characters. Region-based approach is widely used because it is simple to implement and robust to illumination changes. Nevertheless, this approach generates high false positive rate, which means lots of wrong results, since many non-text regions are similar to text regions. To avoid the problem with high false positive rate, while efficiently detecting true text areas, in our approach, text alignment information is employed by using 2D tensor voting [3] The text line information is used to remove non-text regions when combining with region-based methods [4] . Compare to [4] , various improvements have been done: 1) the size is normalized for small input image, then different 2D filters (Sobel and Unsharp) are applied for different resolutions generated from pyramid strategy to emphasize edges; 2) detected regions is refined by using an NN (Nearest Neighbor) classifier, which is trained on highly discriminative features obtained by a Completed Local Binary Pattern operator (CLBP); 3) experimental results are evaluated online by a public methodology of ICDAR 2011. 1690 text and non-text regions, which are manually labeled, are used to train this supervised learning model. These changes have shown significant impact to the results. The remainder of this paper is structured as follows: In section II the proposed method is described, Section III presents experiment results and the corresponding discussion, and finally, in section IV conclusions are drawn.
PROPOSED SYSTEM

System Overview
As shown in Fig. 1 In the first stage, the input image size is normalized, and then it is converted to a grayscale image. Bilateral filtering [5] is then applied to the grayscale image to reduce noises, while preserving edges (Fig. 2b) . In the second stage, to detect text with different sizes, the filtered image is stored into two different resolution images with original size and half size. Sobel and Unsharp filter are applied to different sizes for emphasizing and enhancing vertical edges.
After that, by using vertical edge detection, connected component analysis and text line information, candidate text regions are extracted separately for each resolution and then they are combined to get collected candidate regions. Finally, in the post-processing stage, the results from previous stages are refined using an NN classifier, which is based on CLBP.
Extracting Candidate Regions
The edge feature is robust against text size and low contrast level. For that reason, vertical edges are used to locate the text regions. The Sobel edge detector is applied to the grayscale image to generate a binary edge map at level k. Then, the connected foreground pixels in the binary image are grouped into connected components (Fig. 2c) . Some simple heuristic rules are used to remove too big or too small connected components. We assume M and N as the height and width of the input image at the level k. The connected component C that satisfies one of the following conditions is removed.
where MIN_SIZE and MIN_DEN are threshold values, and density(C) of that connected component C is calculated by dividing the number of edge pixels by the total number of pixels in the bounding box. The center points of remaining candidate regions (Fig. 2d ) are used to extract text line information in next step.
Using Text Line Information To Verify Regions
Tensors are geometric entities introduced into mathematics and physics to extend the notion of scalars and vector, it can be 0th-order (a scalar), 1th-order (a vector) or 2th-order (a square matrix) in 1-D, 2-D or 3-D dimensions. In tensor voting, tensor is some information with direction, and it checks if a set of points (called tokens) can be a curve, an ellipse or isolated point in 2-D dimension. A second order, symmetric, nonnegative definite tensor T is equivalent to a 2 by 2 matrix or an ellipse (Fig.4) . It can be decomposed into stick and ball components as the following equation: Center points are encoded with tensors, and then these tensors cast their information to nearby neighbors via a predefined voting field or kernel. This step is similar to the convolution operation but instead of using scalar matrix as a kernel in convolution operation, a voting field is used in tensor voting. The voting kernel defines the normal vector by selecting the most likely continuation curve between two point O and P in Fig.  5 . The strength of the vote at P is defined by Eq. (3), called decay function, in spherical coordinates.s lθ /sin θ and k 2 sin θ /l. The parameter s is the arc length OP, k is the curvature, c is a constant, and σ is the scale of voting field controlling the size of the voting neighborhood and the strength of votes. , ,
For this implementation, we use second order vote to infer the curve saliency value and normal vector of token at each center point. By casting votes to all neighbors by the same voting fields and voting algorithm, tensors are encoded into new tensors. At each center point, the curve saliency value is the magnitude of stick component of the resulting tensor and the normal vector is the main axis 1 e .
Fig.5. 2D stick voting kernel.
A text line is a virtual line that characters align on. The center points of the connected components in a text region are usually close together and are mostly aligned on a line or smooth curve. Therefore, the curve saliency of a token corresponding to a center point in a text region has higher curve saliency than that of a token in a non-text region. Additionally, the curve normal of a token in a text region indicates the normal vector of the text line. Since text is assumed to be horizontally aligned on a smooth curve or line, those candidates with low curve saliency values or nearly horizontal normal vectors are removed. The remaining connected components are used as detected text regions. Fig. 3 shows how to use text line information to remove non-text regions: Fig. 3b shows the resulting tensors generated from center points extracted from Fig. 3a. Figs. 3c and 3d show remaining after verification and corresponding located regions.
Nearest Neighbor Classifier based on CLBP
Tensor voting is truly useful to remove wrong detected regions. However, this technique also fails in many cases. To overcome this problem, we apply a supervised learning classifier model for post-processing phase.
Text can be referred as texture having some special characteristics [6] . Local Binary Pattern (LBP) is highly discriminative for texture classification and it has achieved impressive classification results [7] . LBP is also invariant to monotonic gray level changes and computational efficiency. The CLBP framework is illustrated in Fig 7. The original image is represented as its center gray level (C) and the local difference. The local difference is then decomposed into the sign (S) and magnitude (M) components by the LDSMT defined in (5). Thus, three operators, namely CLBP_C, CLBP_S and CLBP_M, are proposed to code the C, S, and M features, respectively. Then, the CLBP_C, CLBP_S, and CLBP_M codes are combined to form the CLBP feature map of the original image [7] . Finally, a CLBP histogram can be built, and the Nearest Neighbor classifier is used to classify candidate regions of images as text and non-text.
The chi-square distance is used with the classifier to measure the dissimilarity between two histograms: the test sample and training data.
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where n is the number of bins in the histogram, X i and Y i are the values of the training samples and test sample.. Fig. 3e shows the final result after using classifier to refine.
EXPERIMENTAL RESULTS
The proposed method is implemented and tested on ICDAR 2011 Reading Competition dataset [8] , which contains 420 images (with size larger than 100x100 pixels), containing 3583 words of more than 3 characters for the training set and 102 images, containing 918 words, for the test set. Sample results are shown in Table 1 , evaluation in Table 2 below. For evaluating the performance of Text Localization methods, ICDAR 2011 implemented the methodology proposed by Wolf [9] . Assessment in Table 2 is produced by performance evaluation online tool of ICDAR 2011 competition. 
CONCLUSIONS
In this paper we presented a three stage system for the process of detecting text in images. The system includes an efficient filter to reduce noises in pre-processing stage, a tensor voting based text localization method that generates candidate text regions, and a machine learning refinement in post-processing stage. To overcome the problem of false detected results, a nearest neighbor classifier trained on highly discriminative local binary pattern features is implemented. The obtained experimental results, which were evaluated using an independent evaluation methodology, show that the implementation of proposed method has much better precision than several previous works.
In future research, we would improve machine learning refinement for better classification and final segmented bounding box of text regions.
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